To acquire better understanding of spring discharge under extreme climate change and extensive groundwater pumping, this study proposed an extreme value statistical decomposition model, in which the spring discharge was decomposed into three items: a long-term trend; periodic variation; and random fluctuation. The long-term trend was fitted by an exponential function, and the periodic variation was fitted by an exponential function whose index was the sum of two sine functions. A general extreme value (GEV) model was used to obtain the return level of extreme random fluctuation. Parameters of the non-linear long-term trend and periodic variation were estimated by the Levenberg-Marquardt algorithm, and the GEV model was estimated by the maximum likelihood method. The extreme value statistical decomposition model was applied to Niangziguan Springs, China to forecast spring discharge. We showed that the modelled spring discharge fitted the observed data very well. Niangziguan Springs discharge is likely to continue declining with fluctuation, and the risk of cessation by August 2046 is 1%. The extreme value decomposition model is a robust method for analysing the nonstationary karst spring discharge under conditions of extensive groundwater development/pumping, and extreme climate changes.
Introduction
The Intergovernmental Panel on Climate Change (IPCC) identified extreme climatic events and disasters as a major challenge in a 2012 special report (IPCC 2012) . The report highlighted problems associated with disaster risk management and adaptation to climate change, as well as issues of confidence and reliability in projecting changes of climate extremes. Ongoing groundwater development/pumping and the onset of climate change have caused karst groundwater to become depleted in many areas throughout the world, such as the United States (Beynen et al. 2007) , France (Labat et al. 2000) , Italy (Gams et al. 1993) , Germany (Heinz et al. 2009 ), Serbia (Jemcov 2007) and China (Guo et al. 2005) . In Northern China, karst spring discharge has been declining in response to climate change and anthropogenic activities since the 1950s (Guo et al. 2005) . Some karst springs have run dry, such as Jinci Springs, Lancun Springs, Gudui Springs, Heilongdong Springs and Zhougong Springs (Liang et al. 2008) . Recently, the impacts of human activities on the groundwater system have become more pronounced, and also the effects of climate change have become increasingly evident (Miao et al. 2013) . For effective disaster risk management and adaptation to climate extremes, it is essential to pay more attention to the effects of human activities and extreme climate change on the hydrological cycle (Pizarro et al. 2014) .
Many researchers have investigated spring discharge. For sustainable development of groundwater in Almyros Spring on the island of Crete, Greece, Lambrakis et al. (2000) used Farmer's algorithm and an artificial neural network technique to describe the dynamic characteristics of the spring. The 1-day-ahead prediction results showed that the neural networks achieved a slightly better performance than Farmer's algorithm. Gholami et al. (2008) simulated the discharge of 80 karst springs located in the central Alborz highlands and 82 alluvial springs on the Caspian southern coasts, Iran, by using the multivariate regression analysis method. They revealed that the most important factors to influence karst springs discharge were porosity and elevation of the karst aquifer. For alluvial springs, the hydraulic conductivity and aquifer depth were the most decisive factors. More recently, by using the Mann-Kendall test and spectral analysis, Roshani et al. (2012) analysed the relation between spring discharge and precipitation in the Ghaleroudkhan Basin, Iran, confirming that the spring discharge was highly dependent on precipitation; however its rate and intensity varied, depending on season, physiography, climate and plant coverage. Furthermore, Diodato et al. (2014) presented a DISHMET model (discharge hydro-climatological model) and applied it to analyse the discharge of Caraventa Spring, Italy, for characterization of the intermonthly fluctuation caused by climate variability. Results illustrated that the spring discharge was linked to the frequency of weather patterns transiting over the central Mediterranean area during the autumn and winter seasons. Most of the previous papers study spring discharge under normal conditions, and do not consider the effect of extreme situations such as extreme drought and extensive groundwater development. However, human activities and climate change have altered the groundwater circulation process and caused extreme hydrological events to occur with high frequency (Milly et al. 2008) . In addition, human activities have intensified in recent years. Under such circumstances, traditional hydrological statistical models are no longer useful and therefore we have to create new methods to model nonstationary spring discharge processes (Rasmussen 2001 , Katz et al. 2002 , Towler et al. 2010 . To acquire a better understanding of karst spring discharge processes under extensive groundwater development and extreme climate change, this study proposes an extreme value statistical decomposition model to investigate Niangziguan Springs, China.
Research setting of Niangziguan Springs Basin
The Niangziguan Springs complex lies in the Mian Valley, Taihang Mountains, Eastern Shanxi Province, and spreads over 7 km of the Mian riverbank (Fig. 1) . It is the largest karst springs complex in northern China. According to records from 1959 to 2010, the Niangziguan Springs complex had an annual average discharge of 9.81 m 3 /s, a maximum annual flow of 17.30 m 3 /s (in October 1964), and a minimum annual flow of 4.69 m 3 /s (in March 1995). Niangziguan Springs receive water from a catchment with an area of 7394 km 2 . Precipitation is believed to be the primary source of recharge to the aquifer in the Niangziguan Springs Basin (Han et al. 1993 ).
Small basins and gentle sloping river valleys in eastern and northern parts of the basin are the primary physiographic features of Niangziguan Springs Basin. Rough hilly terrains constitute extensive areas in the southwest and northwest of the basin, where the altitude ranges from 1200 to 1600 m above mean sea level. The western part of the basin is higher than the eastern part, with the general topography of the basin inclining to the east. Mian Valley, where the Niangziguan Springs is located, has the lowest altitude in the Niangziguan Springs Basin, ranging from 360 to 392 m above mean sea level (Fig. 1) 
Methods

Data acquisition
Monthly precipitation and air temperature data from January 1959 to December 2010 were collected from seven gauging stations (Yuxian, Shouyang, Yangquan, Pingding, Xiyang, Heshun, and Zuoquan; Fig. 1 ) in the basin. The precipitation and air temperature over the entire Niangziguan Springs Basin are represented with Thiessen polygons (Fig. 2(a) and (b) ).
The monthly average spring discharge, and the yearly average pumping rate of Niangziguan Springs from January 1959 to December 2010 were collected from the Niangziguan gauging station in Mian River (Fig. 3 (a) and (b)). Figures 2 and 3 show that Niangziguan Springs discharge decreased quickly under extensive groundwater development and climate change.
It seems that the hydrological process of Niangziguan Springs is nonstationary, because the spring discharge has an obvious declining trend with periodic fluctuation over time. To demonstrate the nonstationarity, a stationary test of the spring discharge was made by plotting its autocorrelation function (ACF) in Fig. 4 . Figure 4 shows that the autocorrelation corresponding to lag 60 is 0.65 that is still very large, and the autocorrelation against lag decreases very slowly (the declining rate is about 0.008). The above findings indicate that the spring discharge series of Niangziguan Springs cannot pass the stationary test and is therefore nonstationary. It is worth noting that the magnitude of the periodic fluctuation decreases as the spring discharge declines.
Extreme value statistical decomposition model
In many areas throughout the world, groundwater overexploitation has caused environmental problems, such as declining groundwater tables, land subsidence, damaged ecosystems, and drying up of natural springs. Because of the declining trend and seasonality of spring discharge, the hydrological process has become nonstationary (Milly et al. 2008 ). When we apply the generalized extreme value distribution (GEV) to karst spring discharge, several assumptions including independence, identical distribution, and stationarity must be met. To investigate the response of spring discharge to extensive groundwater development and extreme climate change, this paper develops an extreme value statistical decomposition model. We assume that spring discharge yðtÞ can be decomposed as: (1) a long-term trend, y T ðtÞ; (2) periodic variation, y P ðtÞ; and (3) random fluctuation, y R ðtÞ.
The long-term trend, y T ðtÞ can be described by an exponential function, because the declining rates of spring discharge gradually become smaller with time due to the recent implementation of sustainable 
where d ¼ ðd 1 ; d 2 Þ are parameters, m represents the total number of monthly observed spring discharge. The periodic variation y P ðtÞ is an exponential function whose index is the sum of two sine functions: y P ðt; cÞ ¼ exp c 1 sinðc 2 tþc 3 Þþc 4 sinðc 5 tþc 6 Þ ð Þ ; t ¼1; :::; m
where c ¼ ðc 1 ; c 2 ; c 3 ; c 4 ; c 5 ; c 6 Þ are parameters. Under effects of groundwater development and climate change, the spring discharge decreases with periodicities, and the magnitude of periodic swing decreases as the spring discharge declines. Thus we propose a multiplicative structure of the long-term trend and the periodic variation to describe the resulting characteristics of spring discharge (Orlaith 2011) . The long-term trend of spring discharge is seen as the amplitude of the periodic variation in the multiplicative structure (see Equation (1)).
The extreme value of the random fluctuation y R ðtÞ follows the GEV distribution which is defined as follows:
where σ > 0; 1þ zÀμ σ À Á > 0; μ, σ and represent the location, scale and shape parameter, respectively.
In order to simulate the spring discharge process under extensive groundwater development and extreme climate change, our strategies are to superpose the multiplicative structure of the long-term trend and the period variation (i.e. y T ðtÞy P ðtÞ) with the extreme minimal value of the random fluctuation, y R ðtÞ, in a return time (e.g., 100 years). We use the Levenberg-Marquardt algorithm (L-M algorithm) to estimate parameters of the long-term trend y T ðtÞ and periodic variation y P ðtÞ in Equations (2) and (3), respectively.
L-M algorithm
Consider a time series yðtÞ, t ¼ 1; . . . ; m, that can be fitted by a nonlinear functionỹðt; pÞ with parameters denoted by a parameter vector p ¼ ðp 1 ; . . . ; p n Þ. In order to obtain the estimation of p in the function, we first set up a nonlinear least-squares problem as follows:
When f (p) reaches a global minimum value, the corresponding parameter vector p Ã is the estimation that we were looking for. In order to find the global minimum value of f (p), we will use the L-M algorithm which is essentially an iteration method (Levenberg 1944 , Marquardt 1963 . In this paper, we used the Curve Fitting Toolbox in Matlab to accomplish the L-M algorithm (http://www.mathworks.cn/cn/help/cur vefit/index.html), which was able to guarantee the achievement of a global minimum and obtain parameter estimates (Gavin 2013) .
Parameter identification of the long-term trend y T ðtÞ To estimate parameters of the long term trend, y T ðtÞ, we assume that the observed spring discharge, yðtÞ can be fitted by y T ðtÞ. Let
where Parameter identification of the term y P t ð Þ In order to estimate parameters of the periodic variation y P t ð Þ, we divided the spring discharge y t ð Þ by the estimate of long-term trendŷ T t; d Ã ð Þ to eliminate the long-term trend, and then acquired w T t ð Þ:
We assumed that the periodic variation, y P t ð Þcould simulate w T t ð Þ, t¼1; . . . ; m. Let
where
The iterative procedure (Equation (14)) was executed by the L-M algorithm to provide the estimate, c Ã . Then we substituted c Ã for c in Equation (3) and obtained an estimate of the periodic variation,ŷ p t; c Ã ð Þ, t¼1; . . . ; m.
Extreme value of the random fluctuation y R ðtÞ
According to Equation (1), we can estimate the random fluctuation by removing the trend and periodicity of spring discharge:
Here, we use a GEV distribution to fit the distribution of the extreme value of random fluctuationŷ R t ð Þ.
GEV distribution
Suppose X 1 ; :::; X n is a sequence of independent random variables with common distribution function F, and let M n ¼ max X 1 ; X 2 ; . . . ; X n ð Þ which is the maximum value of the sequence. Then we make a linear renormalization of M Ã n and let
where a n > 0 f g and b n f g are appropriate constant sequences which stabilize the location and scale of M Ã n as n increases. Suppose that for large n,
where H z ð Þ is expressed as Equation (4) and it is called the GEV distribution (Coles et al. 2001, Morrison and Smith 2002) .
A GEV describes the distribution of maxima, and we are concerned about spring discharge depletion (i.e. the minimum spring discharge). Our strategy is to transform the minima of the fluctuationŷ R ðtÞ into the maxima by taking the opposite number, i.e. r t ¼ Àŷ R ðtÞ, then the GEV can be used to fit the distribution of the maxima of r t (i.e. the minima fluctuation), t¼1; . . . ; m.
Parameter identification of GEV
We can estimate parameters μ, σ and of the GEV by the maximum likelihood method. The likelihood function of GEV is written as follows (Coles and Dixon 1999) :
where n = m/12; z i f g, i¼1; . . . ; n, are the annual maximum data of r t f g, t¼1; . . . ; m; 1 þ σ ðz i À μÞ > 0, for i¼1; . . . ; n.
Parameterμ;σ; that makes Equation (18) reach the maximum is defined as the maximum likelihood estimation of μ; σ; ð Þ.
Estimation of return level
The estimate of the N-year return levelẑ N (i.e. the maximum value in N years) is defined by:
;σ are maximum likelihood estimates of μ; σ; , respectively. Furthermore, by the delta method, we can calculate the variance ofẑ N :
where V is the variance-covariance matrix of ðμ;σ;Þ and
is evaluated atμ;σ; .
GEV model diagnosis
A model diagnosis plot includes four plots: a probability plot, quantile plot, return level plot and density plot. With the ordered annual maximum sequence z ð1Þ z ð2Þ ::: z ðnÞ , 
Probability plot
LetH ðz ðiÞ Þ ¼ i n þ 1 (22)Ĥ z ðiÞ À Á ¼ exp À 1 þ σ z ðiÞ Àμ À Á ! À 1 0 @ 1 A(23)
Quantile plot
A quantile plot consists of the points:
wherê
If the GEV model is a proper fit of the annual maximum data z i , then both the probability and quantile plots should consist of points that lie close to the 1 : 1 straight line.
Return level plot
A return level plot consists of the locus of points:
Confidence intervals ofẑ 1À i nþ1 ð Þ À1 are also added to the plot. If a GEV model is suitable for the data, all the points in Equation (27) should be within the confidence intervals.
Density plot
If the fitted GEV model is reasonable, the probability density function of it should be close to the trend of the histogram of the annual maximum data z i f g; i ¼ 1; . . . ; n.
Results and discussion
Extreme climate change and extensive groundwater development in Niangziguan Springs Basin
In order to demonstrate the effect of climate change, we examined the abrupt changes of the time series of the annual precipitation and annual average air temperature from 1959 to 2010 in Niangziguam Springs Basin (Fig. 2) by using the Wilcoxon rank-sum test (Wilcoxon 1945 (Table 1) . Moreover, a significant difference in annual average air temperatures also exists between 1959-1975 and 1976-2010 , and the p value is 0.007. The mean annual average temperature value of the former period is 10.91°C and that of the latter period is 11.38°C. All 10 of the highest annual average temperature values occur after 1975 ( Table 2 ). The facts demonstrate that the precipitation decreased and the temperature increased during 1959-2010. In other words, obvious climate change effects exist. Furthermore, extreme climate change effects have occurred frequently in recent decades, which significantly influences the discharge of Niangziguan Springs. We also investigated groundwater development during the period 1959-2010. In Niangziguan Springs Basin only statistical annual groundwater pumping values are available, by which we calculate and acquire annual pumping rates (Fig. 3(b) ). From Fig. 3(b) we can see that large-scale groundwater development began in 1980 and increased sharply until 2000. In the new century, even though the pumping rate increased slowly, it was still extremely large. In light of this, under extensive groundwater development and extreme climate change, Niangziguan springs discharge has been declining ( Fig. 3(a) ).
Estimation of trend, periodicity and random fluctuation
According to yðtÞ, t ¼ 1; . . . ; 624, the monthly spring discharge of Niangziguan Springs from January 1959 to December 2010, we used the L-M algorithm to acquire estimates of parameters of the long-term trend y T t ð Þ:
Then, the estimate of the long-term trend is: Figure 5 shows the long-term trend,ŷ T t ð Þ. From Fig. 5 we can see that the long-term trendŷ T t ð Þ fits the trend of Niangziguan Springs discharge very well. Figure 5 . The estimated long-term trend of Niangziguan Springs discharge. To estimate the parameters of the periodic variation y P t ð Þ in Equation (3), let
Then we used the L-M algorithm to estimate the parameters of y P t ð Þ based on w T t ð Þ f g and got: 
The results shown in Fig. 6 illustrate the behaviour of periodic variation of Niangziguan Springs discharge. In Fig. 6 there are two notable periodicities that last approximately 7 and 11 years in the Niangziguan Springs discharge processes. We calculated the multiplicative structure of the long-term trend and periodic variation of Naingziguan Springs discharge (i.e. y T t ð Þŷ P t ð Þ) and illustrated it in Fig. 7 . Figure 7 shows that the combination of the long-term trend and periodic variation matches very well with the real trend and periodicity of Naingziguan Springs discharge.
We calculated the random fluctuation bŷ
Before using a GEV model to estimate the extreme minimal value of ŷ R t ð Þ, we needed to check thatŷ R 1 ð Þ; :::;ŷ R 624 ð Þ È É was a sequence of independent random variables with a common distribution. In this paper, we tested whether the random fluctuationŷ R t ð Þ was independent and stationary by using the quantile plot (Becker et al. 1988) and Kolmogorov-Smirnov methods (Conover 1971) .
The theoretical quantile of standard normal distribution is acquired by:
where qðtÞ is the theoretical quantile of the standard normal distribution; ϕ À1 is the inverse function of the standard normal distribution; 0.375 and 0.25 are correction factors which prevent qðtÞ from being infinite. The quantile plot consists of pairs of points q t ð Þ;ŷ R t ð Þ È É ; t ¼ 1; . . . ; 624 in Cartesian coordinates (Fig. 8) . Figure 8 shows the correlation coefficient value R 2 = 0.934 between q t ð Þ f g andŷ R t ð Þ È É , which means that y R t ð Þ is independent, stationary, and well-represented by a normal distribution. Hence, we can use a GEV model to estimate the extreme minimal value ofŷ R t ð Þ. Let r t ¼ Àŷ R t ð Þ, t ¼ 1; . . . ; 624. We divide r t f g into 52 groups because there are 52 years of monthly observed data (i.e. from January 1959 to December 2010). Accordingly, each group contains 12 months of spring discharge data. Let
where r i ð Þ is the maxima of the i th group, and assume that r i ð Þ follows the GEV distribution. We used the maximum likelihood method to estimate parameters of the GEV distribution by substituting r i ð Þ È É into Equation (18), and acquired:
The maximum likelihood estimate of the scale parameterσ is about 0.69, which suggests that r i ð Þ focuses on a very narrow scale, and the results will be accurate.
Substituting the estimated parameters above into Equation (19), we acquired an estimate of N-year return level of r i ð Þ . The 100-year return level of r i ð Þ is calculated as follows:
where rð100Þ denotes the 100-year return level of r i ð Þ . Then, the 100-year return level of the minimum fluctuation, Rð100Þ, is:
Model diagnosis
In order to verify that the fitted GEV model is suitable for r i ð Þ , we drew the diagnosis plots of the GEV model (Fig. 9) . In the probability plot of Fig. 9 , we can see that virtually all the points i 52þ1 ;Ĥðz i ð Þ Þ ; i ¼ 1; . . . ; 52 n o are very close to the straight line with a slope equal to 1, and their correlation coefficient R 2 is 0.996, which means the model is a good solution. We can also find that pairs of pointsĤ
n o are concentrated on the 1:1 straight line, and their correlation coefficient R 2 is 0.993 in the quantile plot of Fig. 8 , which re-emphasizes the excellent fit of the model. In the return level plot of Fig. 8 , most of the
within the 95% confidence bounds curves. In the density plot of Fig. 9 , the trend of the histogram is agreeable with the plotted density line based on the GEV. In other words, the model is very satisfactory and qualified. 
Prediction of the discharge
We estimated Niangziguan Springs discharge under effects of extensive groundwater development and extreme climate change. We predicted the 100-year return level of spring discharge from January 2011 to December 2048 by superposing the multiplicative structure of the long-term trendŷ T t ð Þ and the periodic variationŷ P t ð Þ with a 100-year return level Rð100Þ in Equation (36) as follows:
yðtÞ ¼ŷ T ðtÞŷ P ðtÞ þ Rð100Þ; t ¼ 625; . . . ; 1080 (37)
The predicted spring discharge calculated in Equation (37) is presented in Fig. 10, which shows that the 100-year return level of Niangziguan Springs discharge gradually declines with random fluctuations. It is apparent that the declining rates decrease with time and the amplitude of fluctuations becomes smaller which imply that when the spring discharge declines to a relatively small value, it will be impossible for the spring discharge to rebound. According to our prediction, Niangziguan Springs discharge will dry up in August 2046 and the confidence interval of the dryup time is from January 2046 to April 2047.
Summary and conclusions
Extensive groundwater development and climate change have largely altered many hydrological processes. Traditional hydrological time series analyses are rarely concerned with the hydrological processes in extreme situations; thus traditional hydrological models become inappropriate tools for analysis. For spring discharge under effects of extensive groundwater development and climate change, the GEV model is a proper mathematical method to help us understand the likelihood of extreme events and disasters. There are two fundamental assumptions for the GEV model: (1) the elements of the series are independent and identically distributed; and (2) the series is stationary. Groundwater over-exploitation and climate variability result in a declining trend and a changing seasonality in spring discharge, which makes the hydrological process nonstationary. This study proposed an extreme value decomposition model, in which the spring discharge is decomposed into three parts: a long-term trend, periodic variation and random fluctuation. The long-term trend was fitted by an exponential function, and periodic variation was fitted by an exponential function whose index is the sum of two sine functions. We used a multiplicative structure of the longterm trend and the period variation to describe the characteristics of trend and periodicity of spring discharge. After subtraction of a multiplicative structure from the spring discharge, we obtained a random fluctuation satisfyingly independent, identically distributed, and stationary. The random fluctuation was then fitted by a GEV model. By superposing the multiplicative structure of the long-term trend and the period variation, and random fluctuation, the extreme value decomposition model was set up.
The GEV model was used to obtain the 100-year return level of the minimum fluctuation. We combined the 100-year return level of the minimum fluctuation with the product of estimated long-term trend and periodic variation to simulate spring discharge under effects of extensive groundwater development and extreme climate change.
We applied the extreme value decomposition model to Niangziguan Springs in China. Results show that Niangziguan Springs discharge decreases with fluctuation and has the risk of cessation with probability of 0.01 in August 2046. The upper and lower 95% confident intervals are January 2046 and April 2047, respectively. Although a 0.01 probability is small, the probability will increase with time.
Recent policy measures have been taken to promote sustainable development and groundwater conservation which have made the declining rate of Niangziguan Springs discharge much slower. Unfortunately, these measures are not enough to prevent Niangziguan Springs from drying up. More effective measurements in Niangziguan Springs, are needed to ensure discharge conservation in the future.
